The Xinmo landslide occurred on 24 June 2017 and caused huge casualties and property losses. As characteristics of spatiotemporal pre-collapse deformation are a prerequisite for further understanding the collapse mechanism, in this study we applied the interferometric synthetic aperture radar (InSAR) technique to recover the pre-collapse deformation, which was further modeled to reveal the mechanism of the Xinmo landslide. Archived SAR data, including 44 Sentinel-1 A/B data and 20 Envisat/ASAR data, were used to acquire the pre-collapse deformation of the Xinmo landslide. Our results indicated that the deformation of the source area occurred as early as 10 years before the landslide collapsed. The deformation rate of source area accelerated about a month before the collapse, and the deformation rate in the week before the collapse reached 40 times the average before the acceleration. Furthermore, the pre-collapse deformation was modeled with a distributed set of rectangular dislocation sources. The characteristics of the pre-collapse movement of the slip surface were acquired, which further confirmed that a locked section formed at the bottom of the slope. In addition, the spatial-temporal characteristics of the deformation was found to have changed significantly with the development of the landslide. We suggested that this phenomenon indicated the expansion of the slip surface and cracks of the landslide. Due to the expansion of the slip surface, the locked section became a key area that held the stability of the slope. The locked section sheared at the last stage of the development, which triggered the final run-out. Our study has provided new insights into the mechanism of the Xinmo landslide.
Introduction
On June 24 2017, a devastating landslide occurred in Xinmo Village, Diexi Town, Mao County, Sichuan Province, China (32 • 04 47"N, 103 • 39 46"E). The landslide runout buried 64 households, killed 10 people and 73 people were determined missing [1] . The height relief of the sliding mass was about 1000 m (from the source area to the deposition area, as shown in Figure 1 ), and the horizontal length of the debris flow was 2270 m [2] . The deposition area of the Xinmo landslide formed a narrow horizontal fan shape, and the buried Xinmo Village was built on the deposits of a historical old landslide (as shown in Figure 1 ). The elevation of the source area located on the ridge of the mountainside of the Fugui Mountain is about 3281 m above sea level (a.s.l.). The stratum at the location of the Xinmo landslide is composed of metasandstone intercalated with slate layers. The rock mass was creeping along an existing sliding plane before collapsing [1] . The area's deep mountain-canyon landform provides conditions for the formation of long-distance debris flow. This landslide is located at the junction of the Qinghai-Tibet Plateau and the Longmenshan Alpine region with active tectonic activities; three is located at the junction of the Qinghai-Tibet Plateau and the Longmenshan Alpine region with active tectonic activities; three major earthquakes have occurred during the past one hundred years [1] [2] [3] [4] . These earthquakes have caused the creation of internal joints and cracks in the rock, which allowed for the development and shearing of the landslide [1, 2, 5] . Rain water and the long-term gravity effect caused the propagation of these cracks [1] . The integrity of the slope was continually damaged and a potential slip surface formed before the collapse [5] .
As a technology that can accurately acquire ground deformation, interferometric synthetic aperture radar (InSAR) has been widely used to identify and monitor landslides [6] [7] [8] [9] [10] . In addition, InSAR can be used in landslide modeling based on the elastic dislocation models [11, 12] . Some InSAR-based studies have been done for this Xinmo landslide. Dong et al. [13] acquired the precollapse deformation through Sentinel-1 and ALOS-2 InSAR. Based on Sentinel-1 data, Intrieri et al. [14] recovered the pre-collapse time-series deformation of the Xinmo landslide. Dai et al. [15] evaluated the disaster after the collapse based on Sentinel-1 SAR intensity data and estimated the terrain changes of the landslide source area. However, there are still some questions that have not been answered. First, did any deformation of the landslide occur before the monitoring period of Sentinel-1 data? In addition to this, did characteristics of the pre-collapse deformation change during the development of the landslide? Second, was this landslide triggered directly by precipitation? Third, can this landslide be modeled based on elastic dislocation models [16] , and can the movement of the slip surface be estimated based on pre-collapse deformation? In order to answer these questions, we utilized InSAR analysis and the modeling of the deformation based on an elastic dislocation model. [1] and Dai et al. [15] ). [1] and Dai et al. [15] ).
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Data and Method
Forty-four Sentinel-1A/B and twenty-one Envisat datasets with descending orbits were used to retrieve the historical deformation of the landslide. The slope aspect of the source area was about 190 degrees from the north. Therefore, due to a larger local incidence angle, the descending data generally had higher coherence than the ascending data over the landslide [17, 18] . The time span was from 6 August 2007 to 26 July 2010 for the Envisat data, and from 9 October 2014 to 19 June 2017 for the Sentinel data. By setting the spatial and temporal baseline thresholds, the interferograms configurations of these two data sets were obtained separately. Following this, after registration, filtering and unwrapping, the unwrapped interferograms could be obtained. The multi look ratios of Sentinel and Envisat data were 4:1 and 1:5 respectively, and the DEM adopted for the differential and analysis was the 30-m shuttle radar topography mission (SRTM) data. The interferograms with high coherence and no unwrapping errors in the source region were selected for further processing. The configurations of the selected interferograms are shown in Figure 2 . A linear model for the elevation dependent phase components was used to remove the stratified atmospheric delay in every interferogram. Then, the phase ramps were removed by a quadratic polynomial model. Based on the selected interferograms, the average velocity and the time series deformation were obtained by stacking and SBAS InSAR, respectively [10, 19] .
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where B is the design matrix, k is the deformation phase between time adjacent SAR data. An inverse method (such as singular value decomposition) had to be applied to estimate the deformation phase k . Subsequently, the cumulative deformation was obtained by a trivial integration.
Landslides exhibit elasticity under small or instantaneous deformation [20, 21] . In addition, the slip surface of a landslide has many similar features to faulting [22, 23] , and some studies have used elastic models [16] to study landslides [11, 12, 21] . Thus, the elastic dislocation model was applied to model the Xinmo landslide in this study. A set of distributed rectangular dislocation sources within a homogenous elastic halfspace was used to simulate InSAR deformation, and the root mean square The atmospheric delay and stochastic noise can be reduced by the stacking InSAR method effectively [10] . The average phase rate P was calculated by an average in the time domain as follows,
where B is the design matrix, k is the deformation phase between time adjacent SAR data. An inverse method (such as singular value decomposition) had to be applied to estimate the deformation phase k. Subsequently, the cumulative deformation was obtained by a trivial integration. Landslides exhibit elasticity under small or instantaneous deformation [20, 21] . In addition, the slip surface of a landslide has many similar features to faulting [22, 23] , and some studies have used elastic models [16] to study landslides [11, 12, 21] . Thus, the elastic dislocation model was applied to model the Xinmo landslide in this study. A set of distributed rectangular dislocation sources within a homogenous elastic halfspace was used to simulate InSAR deformation, and the root mean square (RMS) misfit of the residuals (observed data minus model) were used to define the best fitting parameters [24] [25] [26] .
Result
Based on the pre-collapse deformation from Sentinel-1 and Envisat data, the landslide experienced a long-term creep before the collapse. As early as June 2008, approximately 10 years before the failure, obvious deformation appeared on the upper part of the source area, in which the maximum deformation reached 1.8 cm/year in the line of sight (LOS) direction (Figure 3b ).
For the Sentinel data, both the maximum slip rate and standard deviation are presented in Figure 3 . The standard deviation can be an indicator of the noise and the nonlinear deformation. However, with the consideration of the short baseline and good quality of the selected Sentinel interferograms, we suggested that the large standard deviation at the top of the source area (S1 region in Figure 3c (RMS) misfit of the residuals (observed data minus model) were used to define the best fitting parameters [24] [25] [26] .
For the Sentinel data, both the maximum slip rate and standard deviation are presented in Figure  3 . The standard deviation can be an indicator of the noise and the nonlinear deformation. However, with the consideration of the short baseline and good quality of the selected Sentinel interferograms, we suggested that the large standard deviation at the top of the source area (S1 region in Figure 3c The average slope aspect was about 190 degrees, which was almost parallel to the two satellite tracks; both Envisat and Sentinel-1 data are insensitive to a landslide's down-slope movement. Therefore, most of the deformation acquired by these two satellites are from the vertical deformation of the source area. By considering that the slope of this area was nearly 40 degrees, it will produced obvious vertical deformation with the sliding of the source area. Compared with the Sentinel-1 data, Envisat data should be more sensitive to the vertical deformation, because the incidence angle of the Envisat data is smaller. However, we found that the spatial characteristics of deformation from these two data sets were quite different, and some active regions before failure did not show significant deformation during the monitoring period of the Envisat data. For the results from the Envisat data, the maximum deformation occurred in the middle of the source area. However, the maximum deformation of the Sentinel data occurred at the top of the slope, and the deformation decreased from the top to the feet of the source area gradually.
To further understand the characteristics of landslide deformation, we projected the average deformation rates to the down slope direction and extracted the deformation rates from the two data sets along three cross-sections of the landslide (as shown in Figures 3 and 4) . We found the results from the Sentinel data always presented a similar funnel-shaped deformation pattern. However, the Envisat data showed distinct deformation characteristics along the cross-sections. Based on the deformation in the upper and middle parts of the slope (profile AB and CD) from the Envisat data, the deformation on the west side was larger than that of the east side. Additionally, there was no obvious deformation in the west side at the foot of the source area (profile EF).
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Discussion

Pre-Collapse Time-Series Deformation
In many cases, the increase in pore water pressure caused by precipitation can reduce the landslide shear strength, which is an important external influencing factor for many landslides [27] . It has been found that there is a high correlation between the slip acceleration and the regional precipitation in many cases [7, 9, 27] . However, there is a time lag between the precipitation and the maximum deformation rate [6, 7, 28] . In order to explore the relationship between the pre-collapse deformation and precipitation, we collected historical precipitation data and analyzed it with the time-series deformation from Sentinel-1 data. The precipitation data were derived from the Global Precipitation Measurement (GPM) with a 0.1-degree spatial resolution and one-day temporal resolution. The GPM mission was initiated by the National Aeronautics and Space Administration (NASA) and the Japan Aerospace Exploration Agency (JAXA) to provide global precipitation data based on a network of satellites. The landslide was observed as having maintained a stable linear deformation before May 2017. It should be noted that the precipitation data used in this study represented an average daily rainfall with a spatial resolution of about 11 km. Therefore, this precipitation data could not reflect the actual rainfall at this particular landslide precisely. However the seasonal rainfall events in the study area could be found mainly to have occurred from May to September. However, there was no obvious acceleration in the source area during this period of 2015-2016, and there were no significant rainfall events before the acceleration. A strong correlation could not be found between the deformation rate and the rainfall events ( Figure 5) .
It has been shown that determining the starting point of acceleration is very important for landslide early warning studies. For example, Carlà et al. [29] used the inverse velocity method to forecast landslide collapse based on time-series monitoring data. Intrieri et al. [14] also used the same method to study the collapse time of the Xinmo landslide. As shown in Figure 5 , after May 20, 2017 (the red dash line in Figure 5 ), the landslide deformation accelerated abruptly. It could also be found that the deformation rate of the S1 region one week before the collapse reached 2.3 mm/d, which was about 40 times higher than that during the period of non-acceleration.
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In order to further study the landslide mechanism, the elastic dislocation model [16] was applied to this landslide. Elastic dislocation models are commonly used to model static elastic deformation due to any type of slip or tensile dislocation. The Okada model in which the dislocation plane is set as a rectangle is an example of an elastic dislocation model. Since the Okada model establishes the relationship between the dislocation of the rectangular planar source below the surface and the ground displacement on the surface, this model is usually used to estimate the source parameters of some geophysical processes (e.g., earthquake, volcano and landslide). Referring to Aryal et al. [21] and Nikolaeva et al. [11] , we established a simplified model, which regarded the slip surface as the Okada rectangular dislocation source. Because this landslide was classified as a bedding type and the dip angle of the bedding plane was similar to the slope of the source area [1] , we set the sliding surface parallel to the average surface of the source area, as shown in Figure 6e . Then, the position and size (length: 420 m; width: 330 m; strike: 86 • clockwise from the North) of an Okada rectangle was given based on the failure boundary and the deformation region. The difference in the landslide topography before and after the collapse mostly ranged between 40 and 80 m [15, 31] . Therefore, we set 60 m for the depth of the slip surface, which could be regarded as the average depth of the slip surface. Finally, a set of rectangular dislocation sources were used to model the pre-collapse deformation from the Sentinel-1 data. The slip of each patch was estimated by constrained linear least-squares, and Laplacian smoothing was applied to prevent the unrealistic oscillatory slip. As shown in Figure 6 , the simulated downslope deformation corresponded well with the actual observations, which further illustrated the rationality of our model. 
In order to further study the landslide mechanism, the elastic dislocation model [16] was applied to this landslide. Elastic dislocation models are commonly used to model static elastic deformation due to any type of slip or tensile dislocation. The Okada model in which the dislocation plane is set as a rectangle is an example of an elastic dislocation model. Since the Okada model establishes the relationship between the dislocation of the rectangular planar source below the surface and the ground displacement on the surface, this model is usually used to estimate the source parameters of some geophysical processes (e.g., earthquake, volcano and landslide). Referring to Aryal et al. [21] and Nikolaeva et al. [11] , we established a simplified model, which regarded the slip surface as the Okada rectangular dislocation source. Because this landslide was classified as a bedding type and the dip angle of the bedding plane was similar to the slope of the source area [1] , we set the sliding surface parallel to the average surface of the source area, as shown in Figure 6e . Then, the position and size (length: 420 m; width: 330 m; strike: 86˚ clockwise from the North) of an Okada rectangle was given based on the failure boundary and the deformation region. The difference in the landslide topography before and after the collapse mostly ranged between 40 and 80 m [15, 31] . Therefore, we set 60 m for the depth of the slip surface, which could be regarded as the average depth of the slip surface. Finally, a set of rectangular dislocation sources were used to model the pre-collapse deformation from the Sentinel-1 data. The slip of each patch was estimated by constrained linear least-squares, and Laplacian smoothing was applied to prevent the unrealistic oscillatory slip. As shown in Figure 6 , the simulated downslope deformation corresponded well with the actual observations, which further illustrated the rationality of our model. As shown in Figure 6 , the slip distribution of the sliding surface can be acquired. Therefore, the 'slip' here represented the shear movement of each dislocation source. It can be seen that the slip distribution also showed a characteristic gradual decrease from the top to the foot of the source area. As shown in the black dashed line in Figure 7 , we roughly plotted the area with elevation changes larger than 40 m before and after collapse in the landslide based on previous research [31] . The regions of the slip surface with obvious slip had a certain correlation with the main collapsed area (black dashed line in Figure 7) . The maximum slip of the basal plane reached 14.5 cm/year, which was larger than that of the surface of the slope. Based on previous research, the landslide formed a locked section at the foot of the source [5] . The locked section is an intact portion of the rock mass where the sliding surface is not completely formed or is completely absent [32] . Commonly found in rocky landslides of the Southwestern mountainous area of China, one or more locked sections control the stability of the landslide. A failure of a locked section usually leads to a violent landslide with a long-distance runout [10, 32, 33] . The locked section of this landslide was roughly plotted. As shown in Figure 7 , the movement of the slip surface below the locked section was small. We suggested that this was because the locked section was an unconnected area, in which the slip surface had not completely formed. The locked section prevented the shear movement on the basal plane. This phenomenon confirmed the rationality of the inversion results and could further indicate that the landslide formed a locked section at the foot of the slope before the collapse. However, it should be noted that the slip distribution represents a rough result, because only a one-dimensional slope deformation was acquired in this study. In addition, we assumed that the slip surface was a plane with uniform depth.
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Landslide Development Analysis
Different characteristics of deformation often correspond to different mechanisms of landslides [32] [33] [34] . Therefore, the change in the characteristics of deformation and strain can reflect the changes of some physical properties of the landslide during its development. Hence, we wanted to know how the deformation and strain of landslides changed during the development of the landslide. Multi- 
Different characteristics of deformation often correspond to different mechanisms of landslides [32] [33] [34] . Therefore, the change in the characteristics of deformation and strain can reflect the changes of some physical properties of the landslide during its development. Hence, we wanted to know how the deformation and strain of landslides changed during the development of the landslide. Multi-dimensional deformations can be used to calculate the strain (and strain rate) of the landslide, which can indicate the landslide body's regions of extension and compression [35, 36] . However, only one-dimensional deformation of the landslide was obtained during the monitoring period. Thus, we assumed that the sliding of the landslide mainly occurred in the downslope direction and that there was little strain perpendicular to the landslide surface. Therefore, the deformation gradient along the downslope direction was used to represent the strain of the surface of the landslide. Because the deformation gradient is very sensitive to noise [35] , we extracted the slope deformation rate in the rectangular polygon along the average downslope direction PP' (Figure 3e ). This rectangular polygon was then divided into 22 small rectangles (Figure 3e) , and the average of the downslope deformations within each of the smaller rectangles were calculated as the representative deformation of each block. Finally, the deformation gradients along the slope direction were calculated based on the downslope deformation rate of each small rectangle:
S =∂v/∂l (3) where S is the strain rate at the surface of the landslide, v is the average downslope deformation rate of each small rectangle, and l is the downslope distance. It should be noted that only a one-dimensional deformation was considered in the estimation of the gradient. Because the direction of the landslide might not be simply a downslope, we could not obtain the accurate strain rate of the source area. Therefore, only qualitative analysis was conducted based on the strain rate. As shown in Figure 8 , along the slope direction, the maximum deformation from the Sentinel-1 data was located at the top of the slope, while the deformation center of the Envisat was located in the middle of the source area. As we defined the downslope deformation as negative, the positive gradient represented a characteristic of compaction in the downslope direction. We found that the entire source area surface exhibited compression during the monitoring period of the Sentinel data. While during the Envisat monitoring period, the surface of the source area exhibited compression at the top and at the feet of the slope surface, but extension was found in the middle area.
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We extracted the median value of each cumulative deformation from the Envisat and Sentinel-1 data in the regions S2, S3 and S4 for analysis (the locations of these regions are as shown in Figure  3d ), and used the root mean square error of the deformation in these regions as an indicator of motion heterogeneity. As shown in Figure 10 and Figure S2 , there was no obvious time-series deformation in the S2 region, but the S3 and S4 regions exhibited persistent deformation during the monitoring period of the Envisat data (the locations and extents of these regions are shown in Figure 3d) . However, the S2 region became an active area during the monitoring period of the Sentinel-1 data. In addition, we found that the S2 area showed a deformation characteristic of gradual uplift, while the S3 and S4 areas still showed a downward deformation during the second half of 2015 (Figure 10 (lower)). Figure S1 .
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We extracted the median value of each cumulative deformation from the Envisat and Sentinel-1 data in the regions S2, S3 and S4 for analysis (the locations of these regions are as shown in Figure  3d ), and used the root mean square error of the deformation in these regions as an indicator of motion heterogeneity. As shown in Figure 10 and Figure S2 , there was no obvious time-series deformation in the S2 region, but the S3 and S4 regions exhibited persistent deformation during the monitoring period of the Envisat data (the locations and extents of these regions are shown in Figure 3d ). However, the S2 region became an active area during the monitoring period of the Sentinel-1 data. In addition, we found that the S2 area showed a deformation characteristic of gradual uplift, while the S3 and S4 areas still showed a downward deformation during the second half of 2015 (Figure 10 (lower)). It was found that the characteristics of deformation and strain rate changed with the development of the landslide. By considering the continuous expansion of the potential slip surface and the propagation of cracks with the development of this landslide [1, 5] , we suggested that these deformation characteristics and changes in strain rate corresponded to the propagation and interconnection of the cracks and the potential slip surface of this landslide. The expansion of the potential slip surface will lead to a change in the stress distribution, which, in turn, will lead to a change in the deformation characteristics ultimately. For example, during the second half of 2015, the S2 region was subject to an increased pressure from the top region of the slope (such as S3 and S4 regions) due to the propagation of the slip surface or cracks at the upper portion of the landslide. This might have caused an upward deformation of bending in the S2 region (as shown in the Figure 10 (lower panel) ). Since the deformation characteristics of the landslide changed obviously in the second half of 2015, the range and connectivity of the potential slip surface and the cracks of the landslide may have changed significantly during this period.
Based on the analysis above, we constructed a simple schematic of the development of the landslide (shown in the Figure 11 ). Due to the history of earthquakes, the slope formed many fractures and cracks [1] . This potential slip surface gradually became interconnected with the development of the landslide. An unconnected area at the bottom of the source area formed the locked section [5] . The shear strength of the landslide could decrease significantly with the expansion of the slip surface [36] . In addition, the long-term gravitational effect and external factors such as precipitation resulted in the failure of the locked section. Then, the potential energy of the source area was released instantaneously, which caused the landslide run out.
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Conclusions
Using Sentinel-1A/B and Envisat data, the deformation preceding the 2017 Xinmo landslide was recovered. We found that the landslide was creeping approximately 10 years before the failure. For the results from the Sentinel-1 data (9 October 2014-19 June 2017), the deformation decreased from the top to the foot of the source area gradually. However, the maximum deformation occurred in the middle of the source area from the Envisat results (16 June 2008-26 July 2010). The deformation characteristics and the strain rate of the source area changed during this past decade, particularly in mid-2015. Based on the time series deformation and precipitation data, it could be found that there was no strong correlation between the pre-collapse time series deformation and the rainfall events, and the initial acceleration date of the landslide occurred around 20 May 2017. The elastic dislocation model was used in the landslide modeling and analysis. Through a set of distributed Okada sources, the pre-collapse deformation of the landslide was modeled, and the slip distribution of the sliding surface was estimated. The inverted slip distribution had good correspondence with the main collapse zone and the locked section. It indicated that the results of modeling and the geological exploration could be mutually confirmed.
We suggested that the changes in the deformation area revealed the development of the slip surface and inter-connected cracks. The stability of the landslide decreased continuously with the 
We suggested that the changes in the deformation area revealed the development of the slip surface and inter-connected cracks. The stability of the landslide decreased continuously with the expansion of the slip surface. In the last stage, the locked section at the foot of the source area sheared, which caused the tragic disaster in 2017.
The study of landslides based on a radar remote sensing technique is limited by the temporal resolution of remote sensing images. However, all-weather radar observations of landslides are crucial to monitoring landslide hazards in mountainous regions where in situ measurements are lacking. Based on the deformation measurements from two different radar satellites for more than six years, our study has provided new insights into the mechanism of the Xinmo landslide. In addition to this, the analysis based on InSAR observation and the dislocation modeling can be extended to other similar landslides. 
